Genome-wide association studies (GWAS) have identified more than thirty loci associated with Alzheimer's disease (AD), but the causal variants, regulatory elements, genes and pathways remain largely unknown thus impeding a mechanistic understanding of AD pathogenesis. Previously, we showed that AD risk alleles are enriched in myeloid-specific epigenomic annotations. Here, we show that they are specifically enriched in active enhancers of monocytes, macrophages and microglia. We integrated AD GWAS signals with myeloid epigenomic and transcriptomic datasets using novel analytical approaches to link myeloid enhancer activity to target gene expression regulation and AD risk modification. We nominate candidate AD risk enhancers and identify their target causal genes (including AP4E1, AP4M1 , APBB3 , BIN1 , CD2AP , MS4A4A , MS4A6A , PILRA , RABEP1 , SPI1 , SPPL2A , TP53INP1 , ZKSCAN1 , and ZYX ) in sixteen loci. Fine-mapping of these enhancers nominates candidate functional variants that likely modify disease susceptibility by regulating causal gene expression in myeloid cells. In the MS4A locus we identified a single candidate functional variant and validated it experimentally in human induced pluripotent stem cell (hiPSC)-derived microglia. Combined, these results strongly implicate dysfunction of the myeloid endolysosomal system in the etiology of AD. causal gene expression in eight loci, and experimentally validated one of these candidate causal variants in the MS4A locus in human induced pluripotent stem cell (hiPSC)-derived microglia.
Introduction
Alzheimer's disease (AD) is the most common type of dementia with a global burden of approximately 50 million people and no disease-modifying treatments available 1 , 2 , 3 . Several lines of genetic evidence implicate myeloid cells in the etiology of AD 4 . Whole-exome sequencing and microarray studies have identified rare coding variants associated with AD in genes (e.g., TREM2 5 , SORL1 6 , ABI3 7 , PLCG2 7 and ABCA7 8 ) that have high relative expression levels in microglia compared to other brain cell types and play important roles in myeloid cells 9 . Genome-wide association studies (GWAS) have identified common non-coding variants associated with AD in more than thirty loci, but the identification of causal variants and genes in these loci is still lacking. Earlier studies have focused on mapping genes to AD risk loci using whole-blood and brain expression quantitative trait loci (eQTL) datasets [10] [11] [12] . However , using tissue-level data poses obstacles to identifying myeloid-specific signals, because myeloid cells (monocytes and microglia) represent small fractions (~10%) of the total cell population in their respective tissues (whole-blood and brain) 13, 14 . More importantly, given the strong enrichment of AD risk alleles in myeloid-specific epigenomic annotations and expressed genes 15, 16 , it is imperative to investigate the role of myeloid epigenomes and transcriptomes in the modulation of AD susceptibility.
In this study, we investigated the effects of AD risk variants on the epigenome and transcriptome of myeloid cells. We first show that AD risk alleles are specifically enriched in active enhancers in monocytes, macrophages and microglia and identify transcription factor binding motifs (TFBMs) overrepresented within these regulatory elements. We further identify myeloid transcription factors (TFs) whose binding sites at active enhancers are burdened by AD risk variants. Given the selective enrichment of AD risk alleles in myeloid active enhancers, we sought to link the activity of myeloid enhancers that contain AD risk variants to target gene expression regulation and AD risk modification. To accomplish this we used two complementary approaches.
First, we mapped myeloid active enhancers that contain AD risk alleles to their target genes by integrating chromatin interactions (promoter-capture Hi-C) and eQTL datasets from monocytes and macrophages. This approach allowed us to nominate candidate causal genes in twelve genome-wide significant and two suggestive AD risk loci, TP53INP1 and APBB3.
In our second approach, we used Summary data-based Mendelian Randomization (SMR) 17 to investigate the causal relationship between enhancer activity, target gene expression regulation and AD risk modification. This approach allowed us to identify specific myeloid active enhancers that likely modify AD risk by regulating the expression of their target genes in ten loci. Importantly, the target genes of the myeloid active enhancers identified by these two analytical approaches were highly consistent and implicate the endolysosomal system of myeloid cells in the etiology of AD. We further fine-mapped these AD risk enhancers to identify candidate functional variants that affect TF binding, modulate enhancer activity and regulate co-regulation. Additional evidence is necessary to distinguish between these two possibilities and prioritize one or more genes in the locus as we have shown for SPI1 at the respective (previously CELF1 ) locus 15 .
Additionally, these analyses revealed regulatory landscapes that are shared across cell types or are cell type-specific. In the BIN1 locus, we observed conserved AD risk enhancer-promoter chromatin interactions and similar eQTL signal profiles in monocytes and macrophages, suggesting that the AD risk regulome is similar in these two cell types and points to BIN1 as the strongest candidate causal gene at this locus (Figure 2a ). Conversely, in the ZYX (previously EPHA1 ) locus, we observed stronger chromatin interactions with a ZYX promoter in macrophages (mean interaction score 3.9 and 8.5 in monocytes and macrophages, respectively) and different eQTL signal profiles between monocytes and macrophages, suggesting that the AD risk regulome is different in these two cell types albeit pointing to the same candidate causal gene ( Supplementary Figure 1 ). Finally, we identified candidate causal genes ( TP53INP1 and APBB3 ) in suggestive loci (P≤1×10 -6 ) ( Figure 2b ). In summary, this approach allowed us to nominate candidate causal genes in twelve genome-wide significant and two suggestive AD risk loci.
Integration of AD GWAS signals with myeloid epigenomic annotations, chromatin activity (hQTL) and eQTL datasets identifies candidate causal genes in ten AD risk loci
Although chromatin interactions between active enhancers and gene promoters may suggest target gene expression regulation, inferring causal relationships between chromatin activity at enhancer elements and target gene expression can provide additional evidence for such regulation and help identify genetic variants that mediate these relationships to modulate disease susceptibility. We used SMR 17 to explore the causal path that links myeloid enhancer activity to target gene expression regulation and AD risk modification . To accomplish this, we used datasets from monocytes 33 , since chromatin activity QTLs (hQTLs) are currently not available for human microglia or other macrophages . We first identified active enhancers in monocytes that contain AD risk alleles (P≤1×10 -6 ) and hQTLs (genetic variants affecting the activity of the active enhancer at FDR≤10%) and used coloc 34 to select those with evidence of independent or colocalized AD GWAS and hQTL signals (PP.H3.abf + PP.H4.abf≥0.5) (Supplementary Table  2 ) . To investigate the link between myeloid enhancer activity and target gene expression regulation, we used SMR to test for causal association between hQTL and eQTL effects in monocytes at the 24 active enhancers selected using coloc 17, 28 . We identified multiple genes that are likely regulated by these AD risk enhancers ( Figure 3a , Table 2 , Supplementary Table 3) , including BIN1 , CD2AP , GPR141 , MS4A4A , MS4A6A , RABEP1 , SPI1 , TP53INP1 and ZYX. We then used SMR to test for causal association between the expression of genes regulated by the AD risk enhancers identified above and disease susceptibility . These analyses revealed specific enhancers in monocytes, whose activity is causally associated with expression of their target genes, which in turn is causally associated with AD risk, including BIN1 , GPR141 , MS4A4A ,
and ZYX (Figure 3b , Supplementary Table 4 ). Twelve of twenty-two genes nominated through causal associations between chromatin activity and gene expression and eight of thirteen genes nominated through causal associations between gene expression and disease susceptibility identified using the Cardiogenics monocyte eQTL dataset were replicated using the Fairfax monocyte eQTL dataset (Supplementary Tables 5-6 ). Since the replication cohort is smaller, we expect that a larger number of associations would replicate in a larger cohort, given the fact that all genes found through associations using the Fairfax dataset were significant in the main analysis using the Cardiogenics dataset. Additionally, the AD risk enhancers for BIN1 , SPI1 , TP53INP1 and ZYX identified as described above by SMR also interact with the promoters of the same genes, providing converging evidence for causal target gene expression regulation by these AD risk enhancers (Figure 2a , iv-vi; Figure 2b , iv-vi).
Although we observed a global enrichment of AD risk alleles in myeloid active enhancers across the human genome ( Figure 1a ), we discovered a small subset of loci where the regulatory elements associated with causal gene expression regulation are not active enhancers. For example, we identified two primed enhancers in monocytes whose hQTLs are causally associated with expression of PILRA , AP4M1 and ZKSCAN1 , which is in turn causally associated with AD risk (Figure 3c ). Moreover, we identified an active enhancer element whose activity is regulated by AD risk alleles located at a distance from it and which is strongly associated with expression of AP4E1 and SPPL2A in monocytes ( Figure 3c ). In turn, expression of SPPL2A is causally associated with AD risk (Figure 3c ). Furthermore, this active enhancer interacts with the promoter of SPPL2A , providing converging evidence for causal regulation of SPPL2A expression by this enhancer element. Therefore, it is possible that AD risk alleles indirectly affect the activity of this enhancer by functional coupling through chromatin looping or another mechanism.
Fine-mapping using myeloid epigenomic annotations identifies candidate causal variants in eight AD risk loci
To prioritize candidate causal variants in AD risk enhancers we selected loci where we discovered significant associations between enhancer activity, gene expression and AD risk (i.e. BIN1 , GPR141 , MS4A , PILRA / AP4M1 , RABEP1 , SPI1 , SPPL2A/AP4E1, TP53INP1 , and ZYX ). We first selected variants in high to moderate LD ( R 2 = 0.8) with the tagging variant in each locus and queried them in Haploreg 35 to identify coding variants. We identified a missense variant ( rs1859788 -A) in PILRA that is in high LD with the tagging variant ( R 2 = 0.85) and was previously shown to alter the ligand binding affinity of PILRA 36 . Conditioning on this variant eliminates the AD GWAS signal at this locus (Supplementary Figure 2) . The other eight AD risk loci did not contain coding variants in high LD with the tagging variant, prompting us to proceed with fine-mapping to prioritize candidate non-coding functional variants. To accomplish this we used PAINTOR, a Bayesian fine-mapping method that allows for integration of epigenomic annotations 37 . Due to the inflation of posterior probabilities when GWAS and individual-level genotype data are not matched 38 , we used summary-level GWAS statistics and matched individual-level genotype data from the Alzheimer's Disease Genetics Consortium (ADGC) . Although this approach reduces the number of loci eligible for fine-mapping, the results are robust and reproducible. We obtained and reprocessed 38 myeloid epigenomic datasets to generate standardized annotations [18] [19] [20] [39] [40] [41] , selected the ones that overlapped with active enhancers in myeloid cells and quantified their enrichment at active enhancers in each locus ( Supplementary Figure 3) . We then used PAINTOR with significantly enriched annotations (see Methods ) to prioritize candidate causal variants and selected those with posterior probabilities of at least 10%. To investigate the biological mechanisms by which these variants could exhibit their effects, we screened for disruption or creation of binding motifs for TFs expressed in human microglia (TPM ≥1) 18 using motifbreakR 42 . We identified candidate non-coding functional variants in the BIN1 , MS4A and ZYX loci and propose their likely mechanism of action (Supplementary Table 7 ). As an example, in the BIN1 locus we identified two independent AD GWAS signals (Supplementary Table 7 ). One of these signals is associated with a stimulation-dependent eQTL variant rs6733839-T that resides in a PU.1 binding site in microglia, disrupts the binding motif of the MEF2 transcription factor, likely acting as a binding partner for PU.1 at that site, and is an eQTL for BIN1 in monocytes stimulated with IFN-. The other variant (rs13025717-T ) also resides in a PU.1 binding site, is an eQTL for BIN1 in all three myeloid cell types studied here and a binding QTL for PU.1 in a B-lymphoblastoid cell line (GM12878). This variant likely affects PU.1 binding by disrupting motifs of its binding partners, such as SP1 and KLF4 43, 44 . We performed conditional analyses using all candidate functional variants and confirmed that they do indeed tag the entire AD GWAS signal in their respective loci ( Supplementary Figure 4 ). SMR analyses also confirmed that all candidate functional variants drive the causal association between gene expression levels in myeloid cells and AD risk in their respective loci ( Supplementary Table 8 ).
For the loci that were not significant in the ADGC GWAS (but were significant in the IGAP GWAS), we employed an alternative strategy for fine-mapping. Briefly, using a block partitioning algorithm 45 , variant tagging algorithm 46 and conditional analyses 47 we were able to identify LD blocks and their tagging variants that independently contribute to the AD GWAS signal (see Methods). We overlapped these variants with active enhancer annotations and eQTL effects in monocytes (obtained from the Cardiogenics and Fairfax studies) and macrophages ( obtained from the Cardiogenics study ) to prioritize variants with regulatory potential in myeloid cells, then screened them for disruption or creation of binding motifs for TFs expressed in human microglia (TPM ≥1) 18 (see Methods). Using this approach, we identified candidate non-coding causal variants in the GPR141 , RABEP1 , SPI1, SPPL2A/AP4E1
and TP53INP1 loci and propose their likely mechanism of action (Supplementary Table 7 ). We performed conditional analyses using all candidate functional variants and confirmed that they do indeed tag the entire AD GWAS signal in their respective loci ( Supplementary Figure 4 ). SNP-targeted SMR analyses also confirmed that all candidate functional variants drive the causal association between gene expression levels in myeloid cells and AD risk in their respective loci (Supplementary Tables 8).
A candidate causal variant in the MS4A locus disrupts an anchor CTCF binding site, likely altering chromatin looping and activity to increase MS4A6A gene expression and AD risk in myeloid cells and hiPSC-derived microglia
One of the prioritized candidate functional variants in the MS4A locus, the rs636317-T AD risk-increasing allele (11:60019150:C:T in GRCh37.p13 coordinates), resides in a CTCF binding site (Figure 4b (ii)). CTCF binding sites serve as anchors for long-range chromatin loops and this protein plays a pivotal role in determining the spatial organization of chromatin to regulate gene expression 48 . The CTCF motif is highly evolutionarily conserved, and previous studies have shown that single point mutations in this motif can lead to dramatic dysregulation of chromatin looping and activity 48 . We further confirmed that rs636317-T not only resides in a CTCF ChIP-Seq peak in monocytes, but also breaks the CTCF binding consensus sequence (Figure 4b (iii) and is a binding QTL for CTCF in a B-lymphoblastoid cell line (GM12878). Additionally, the CTCF binding QTL signal in GM12878 49 has a 97.9 % probability of colocalization with AD risk alleles at this locus. Given that rs636317-T is predicted to disrupt a CTCF binding site, we hypothesized that this SNP destroys one of the two anchor CTCF binding sites in a chromatin loop, leading to altered chromatin architecture and activity in the locus, which in turn leads to upregulation of MS4A6A expression and increased AD risk. rs636317-T is an hQTL for multiple active enhancers in monocytes and a strong eQTL for MS4A6A in monocytes and macrophages, reinforcing the hypothesis that rs636317-T causes epigenetic dysregulation in the locus , which in turn leads to increased expression of MS4A6A (Figure 4c ). Examination of promoter-capture Hi-C interactions in this region in monocytes and macrophages identified a conserved chromatin loop that connects the MS4A6A promoter to an inactive enhancer approximately 360 kilobases away (Figure 4a (vi)). Importantly, examination of ChIA-PET interactions for CTCF and RAD21 (a component of the cohesin complex often colocalized with CTCF at anchor sites to form chromatin loops 48 ) in GM12878 identified a chromatin loop that connects a CTCF/RAD21 anchor site in the same inactive enhancer to the CTCF/RAD21 anchor site likely disrupted by rs636317-T (Figure 4a (vii-ix)). This arrangement suggests that rs636317-T may alter chromatin architecture in such a way that the promoter of MS4A6A may lose its interaction with the inactive enhancer mentioned above and instead fall under the influence of other regulatory elements that may boost MS4A6A expression in myeloid cells. Another established role of CTCF is the separation of regions of inner condensed chromatin and outer open chromatin domains, marking repressed and active regions, respectively 48 . Hence, we examined the density of epigenetic signals within and outside the Hi-C loop boundaries in microglia and observed that chromatin activity within the loop is repressed (Figure 4a (ii-iv)). To gather additional experimental evidence in support of our hypothesis, we investigated whether the C to T variation at rs636317 results in differential chromatin accessibility at this site in human microglia. To accomplish this, we generated hiPSC-derived microglia from 3 subjects heterozygous at rs636317, performed ATAC-Seq and quantified the number of reads that correspond to the protective and risk-increasing alleles. We observed a significant difference in the number of ATAC-Seq reads overlapping rs636317 with the protective allele (C) compared to the risk-increasing allele (T) (P-value=0.01, one-sided t-test), reinforcing the hypothesis that presence of the rs636317 AD risk-increasing allele leads to disruption of CTCF binding, decreased chromatin accessibility at this site, altered chromatin looping in the locus, and increased expression of MS4A6A in microglia (Figure 4d ).
Discussion
In this study we report, for the first time, an integration of AD GWAS data with epigenomic and transcriptomic datasets from myeloid cells to nominate candidate causal variants, regulatory elements, genes and pathways and thus inform a mechanistic understanding of AD genetics and pathobiology for the formulation of novel therapeutic hypotheses. Previous studies have shown that myeloid cells are the most disease-relevant cell type for AD 9, 16 and our own earlier study showed an enrichment of AD SNP heritability in myeloid-specific epigenomic annotations including the PU.1 cistrome 15 . Here we have extended these observations to demonstrate that AD risk alleles are specifically enriched in active enhancers of monocytes, monocyte-derived macrophages and microglia. Concordant with previous studies 18, 25 , we show that PU.1, C/EBP, CTCF and RUNX binding motifs are overrepresented in open chromatin regions associated with active enhancers in all three myeloid cell types , while MEF2 transcription factor binding motifs are specifically overrepresented in open chromatin regions associated with microglial active enhancers. To identify transcription factor binding sites burdened by AD risk variants, we stratified open chromatin regions that overlapped with myeloid active enhancers by the presence of cognate consensus motifs for the TFs mentioned above and quantified the enrichment of AD risk alleles in these subsets. A significant enrichment was observed in PU.1 binding sites in all three myeloid cell types, while MAF binding sites were specifically enriched in macrophages and microglia. Furthermore, a significant enrichment of AD risk alleles was observed in SMAD, USF and SP1 binding sites in microglia. These results strongly suggest that AD risk variants are likely to modify disease susceptibility, at least in part, by modulating the binding of TFs to their cognate sequences in myeloid enhancers thus affecting their activity and in turn leading to causal target gene expression dysregulation. Although the global enrichment of AD risk alleles in active enhancers of myeloid cells narrows the search space for causal regulatory elements, identifying the target genes of these enhancers would directly point to candidate causal genes in AD risk loci. In this study we used two complementary approaches to prioritize candidate causal target genes of myeloid active enhancers in AD risk loci.
First, we mapped AD risk enhancers to their target genes in myeloid cells using chromatin interactions (Hi-C) and eQTL datasets from monocytes and macrophages. Using this approach, we identified previously nominated AD risk genes ( BIN1 31 , MS4A6A 15 , SPI1 15 ) as well as novel candidate causal genes including AP4E1 , APPB3, RIN3, TP53INP1 and ZYX in fourteen loci. In a subset of AD risk loci we report shared active enhancers that interact with multiple target gene promoters to regulate their expression. This could reflect either multiple causal genes within the locus or a single causal gene and several risk neutral genes that show association by virtue of expression co-regulation. Additional evidence will be necessary to distinguish between these two possibilities and prioritize one or more genes at these loci.
Second, we used SMR to infer the causal relationships between chromatin activity at myeloid enhancers with target gene expression regulation and AD risk modification. We sequentially studied the causal path linking enhancer activity with gene expression in myeloid cells using myeloid hQTLs as the exposure and myeloid eQTLs as the outcome, followed by myeloid eQTLs as the exposure and AD diagnosis as the outcome to identify active enhancers that likely modulate AD risk by regulating the expression of causal genes in myeloid cells. Using this approach, we identified previously nominated AD risk genes MS4A4A 15 , MS4A6A 15 , SPI1 15 , as well as novel candidate causal genes AP4E1 , AP4M1 , PILRA , RABEP1 , SPPL2A , TP53INP1 , ZKSCAN1, and ZYX in ten loci. Importantly, these two analytical approaches yielded largely overlapping results and led to the nomination of several candidate causal genes in sixteen loci ( Figure 5 ). Moreover, in some of these loci the AD risk enhancers interact with the promoter of the same genes that show a statistically significant causal association through SMR (i.e., BIN1 , SPI1 , TP53INP1 and ZYX ), reinforcing their regulatory potential, target gene nomination and disease relevance.
Remarkably, many of the novel candidate causal genes that we identified in this study are functionally related to the endolysosomal system. For example , ZYX encodes a zinc-binding phosphoprotein that localizes to early endosomes and phagosomes in IFN--activated macrophages 50 and drives their intracellular movement by assembling actin filament rocket tails 51 , 52 . RIN3 (Ras And Rab Interactor 3) encodes a member of the RIN family of RAS and RAB effectors that interacts and localizes with BIN1 to early endosomes 53 . Like other RIN family members, RIN3 has guanine nucleotide exchange factory (GEF) activity for RAB5 GTPases 53 , which are required for early endosome and phagosome biogenesis and function 54 . Interestingly, RABEP1 (Rab-GTPase binding effector protein 1) also encodes a RAB5 effector protein that is required for early endosome membrane fusion and trafficking 55, 56 . Two other novel candidate AD risk genes that we nominated in this study, AP4E1 and AP4M1 , encode two of the four subunits of the heterotetrameric adaptor protein complex 4 (AP-4) , which is required for the sorting of transmembrane proteins like APP from the trans-Golgi network (TGN) to endosomes 57, 58 . Interestingly, APBB3 has also been shown to bind to the intracellular domain of APP and is thought to play a role in the internalization of APP from the cell surface into endosomes where it is cleaved by membrane-embedded aspartyl proteases BACE1 and ɣ-secretase to generate the amyloid β peptide [59] [60] [61] . Another novel candidate AD risk gene that we nominate in this study , SPPL2A , encodes a transmembrane aspartyl protease that localizes to late endosomes and lysosomes and cleaves substrates involved in immunity and neurodegeneration [62] [63] [64] [65] . Finally, TP53INP1 regulates the stability and transcriptional activity of p53, and has been implicated in the phagocytic clearance of apoptotic cells (efferocytosis) 66, 67 , a hallmark function of macrophages for the maintenance of tissue homeostasis and the resolution of inflammation. All of these genes are highly or selectively expressed in microglia in the brain 18 . Taken together, our findings implicate dysfunction of the endolysosomal system in myeloid cells (as opposed to neurons 68, 69 ) in the etiology of AD. Previous human genetic findings reinforce our conclusion. For example, a rare variant in the 3′ UTR of RAB10, a member of the RAB family of small GTPases that are critical regulators of membrane trafficking and vesicular transport , confers resilience to AD 70, 71 . Furthermore, coding variants that increase risk for AD have been identified in SORL1 6, 72 , a member of the vacuolar protein sorting 10 (VPS10)domain-containing receptor family and the low density lipoprotein receptor (LDLR) family of APOE receptors that is expressed primarily in microglia in the brain 18 and plays important roles in the endolysosomal system and APP processing 68 .
To fine-map the AD risk enhancers identified in this study and thus nominate candidate causal variants, we conducted Bayesian fine-mapping in the three loci that were significantly associated with AD risk in the ADGC GWAS ( BIN1, MS4A and ZYX ), followed by functional in silico screening of the candidate causal variants for disruption/creation of TF binding motifs. We also fine-mapped the loci that did not reach significance in the ADGC GWAS (but were significant in the IGAP GWAS) and identified candidate causal variants in the GPR141, RABEP1, SPI1, SPPL2A/AP4E1 and TP53INP1 loci. Taken together, we have identified putative functional variants that tag the entire AD GWAS signals at these loci, and likely affect disease risk by altering the DNA binding motifs of transcription factors that modulate the activity of enhancers which in turn regulate the expression of causal genes to ultimately steer myeloid cells like microglia toward neurotoxic and/or away from neuroprotective phenotypes. Finally, we identified and experimentally validated one of these candidate functional variants in the MS4A locus, which disrupts CTCF binding to one of two anchor sites of a repressive chromatin loop, leading to increased MS4A6A expression and AD risk.
In summary, this study reveals a link between enhancer activity, gene expression and AD risk in monocytes, macrophages and microglia, proposes the molecular mechanism of action of candidate functional variants in several AD risk loci, identifies specific AD risk enhancers that are burdened by these variants and regulate causal gene expression , which in turn most likely modulates disease susceptibility by altering the biology of myeloid cells. We highlight the coalescence of candidate causal genes in the endolysosomal system of myeloid cells and underscore its importance in the etiology of AD.
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Online Methods

Processing of ChIP-Seq and ATAC-Seq data and peak calling
Relevant ChIP-Seq studies were found through Gene Expression Omnibus (GEO). Fastq files were obtained from Sequence Read Archive (SRA) and FASTQC was used for quality control of the files. Poor quality samples were discarded. Technical replicates were merged and the files were trimmed with trimgalore (see URLs). Bowtie2 73 was used for alignment for both single and paired-end files and resulting sam files were filtered by MAPQ score. Samtools 74 were used to remove PCR duplicates and MACS2 75 was used to call peaks. ATAC-Seq peaks were called using the following command: "callpeak -t file.sam -f SAM --nomodel --shift -37 --extsize 73 -g hs -q 0.01 -n filename --outdir output_dir/". PU.1 ChIP-Seq peaks were called using the following command: callpeak -t case.sam -c input.sam -f SAM -g hs -q 0.01 -n filename --outdir output_dir/". Histone modifications ChIP-Seq peaks were called using the following command: "callpeak -t case.sam -c input.sam -f SAM --broad --broad-cutoff 0.01 -g hs -q 0.01 -n filename --outdir output_dir/". Samtools mpileup function was used to quantify the number of reads that align to each allele.
Stratification into promoter and enhancer regions
To identify optimal distance from TSS we used ChromHMM model of CD14+ monocytes from Roadmap Epigenomics project (see URLs) to visualize the distribution of active and primed promoters around the TSS. We observed a bimodal distribution around the TSS and found that -500 base pairs to 1000 base pairs window captures more than 60% of active promoters. To annotate the peaks with distance from TSS we used HOMER. We then split the H3K4me1/2 peaks into distal (further than 500 base pairs to the left OR further than 1000 base pairs to the right from the TSS) and proximal (between 500 base pairs to the left and 1000 base pairs to the right). We then used bedmap to filter H3K4me1/2 peaks by the presence of H3K27ac peak such that proximal H3K4me1/2 peaks with H3K27ac are active promoters, distal H3K4me1/2 peaks with H3K27ac are active enhancers, proximal H3K4me1/2 peaks without H3K27ac are primed promoters and distal H3K4me1/2 peaks without H3K27ac are primed enhancers.
Partitioned SNP-heritability analysis
We used LD Score regression to estimate AD SNP heritability partitioned by epigenomic annotations using GWAS summary statistics (excluding the APOE (chr19:45000000-45800000) and MHC/HLA (chr6:28477797-33448354) regions) in myeloid cells as described in the companion website (see URLs), while controlling for the 53 functional annotation categories of the full baseline model. GWAS summary statistics for AD 22 and Schizophrenia 23 (SCZ) were downloaded from the IGAP Consortium and Psychiatric Genomics Consortium websites respectively (see URLs). All epigenomic annotations were downloaded from SRA and preprocessed and the peaks were called as described in "Processing of ChIP-Seq data and peak calling".
De novo motif discovery
We used HOMER to perform de novo motif discovery in ATAC-Seq regions that reside in active enhancers in monocytes, macrophages and microglia. The following command was used to identify enriched motif sequences in these regions: findMotifsGenome.pl Peaks.bed hg19 . -size given.
Causal association analysis
We used SMR to infer causal associations between IGAP GWAS and QTL datasets 17 . We converted the summary statistics for monocyte H3K4me1 hQTLs obtained from BLUEPRINT epigenome project website (see URLs) and monocyte eQTLs from the Cardiogenics and Fairfax studies into BESD format (epi/esi/besd) as described in the SMR manual (see URLs). Allele frequencies and LD were estimated from the ADGC GWAS cohort individual-level genotype data. To conduct standard SMR analysis, we ran the following command: "smr --bfile reference_file --beqtl-summary Histone_besd_file_prefix --beqtl-summary eQTL_besd_file_prefix --out output_prefix". The results were filtered for FDR of 10% using R. To conduct SNP-targeted SMR analysis, we ran the following command: "smr --bfile reference_file --gwas-summary gwas_summary_file --beqtl-summary eQTL_besd_fie_prefix --target-snp rs12345 --out output_prefix".
Colocalization analysis
We used coloc (coloc.abf function) to perform colocalization analyses between IGAP GWAS and QTL datasets 34 .
Conditional and haplotype analyses
We used GCTA-COJO 47 to conduct multi-SNP based conditional analyses using IGAP GWAS summary statistics data and ADGC GWAS cohort individual-level genotype data as a reference panel (see URLs). Allele frequencies and LD were estimated from the ADGC GWAS cohort individual-level genotype data . To conduct the conditional analysis we ran the following command: "gcta64 --bfile reference_file --maf 0.05 --cojo-file IGAP_GWAS_summary_statistics--cojo-cond list_of_snps --out output_prefix". To construct haplotype blocks and examine SNP clustering, we used BigLD 45 which is provided as an R package (see URLs). We prepared the genotype file, which contained genotypes of individuals for each SNP, and the SNP information file that contained chromosome, position, reference and alternative allele information for each SNP. We then used CLQ algorithm provided within BigLD package for SNP clustering and Big_LD for haplotype block construction. We used LDblockHeatmap function to visualize the blocks identified by BigLD along with SNP clusters.
Fine-mapping analysis
We used PAINTOR to conduct fine-mapping of AD risk loci. PAINTOR is a Bayesian fine-mapping method that leverages functional annotations through an Empirical Bayes prior 37 . The input files for PAINTOR_v3.1 were prepared as described on the PAINTOR website and ADGC GWAS summary statistics along with individual-level genotype data were used for fine-mapping (see URLs). The reprocessed epigenomic annotations were all used to quantify enrichment at each locus. To quantify the annotation enrichments the following command was used: "python AnnotateLocus.py --input list_of_annotation_directories --locus locus_prefix --out output_prefix --chr chr --pos pos". To classify the annotations as enriched or not, we computed the relative probability for a SNP to be causal given that it resides in the annotation as follows: Baseline prior probability of a SNP to be causal = , where gamma0 is the effect size 1 1+e gamma0 estimate for the baseline without the annotation. Prior probability of a SNP to be causal given it is in the annotation = ,where 1 1+e (gamma0+gamma1) gamma1 is the effect size estimate for the annotation. From the formula above it is evident that it is desirable that the significant annotation has a negative effect size estimate. We, thus, compute the relative probability of a SNP to be causal given that it is in the annotation in the following manner:
The relative probability of a SNP to be causal given that it is in the annotation = / 1 1+e (gamma0+gamma1) . We deemed the annotation to be significant if the relative probability of a SNP to be 1 1+e gamma0 causal given that it is in the annotation was greater than 1.
TF binding motif disruption/creation analysis
We used motifbreakR to predict the impact of AD risk variants on transcription factor binding 42 .
We used HOCOMOCO to screen for TFBMs and a P-value significance threshold of 5×10 -5 as advised by the authors of the package.
Prioritization of candidate causal variants in loci that are not significant in ADGC GWAS
For each locus, we first constructed LD blocks using BigLD package 45 . We also constructed haplotypes using Haploview to assess consistency of haplotype blocks 76 . We then used the tagger functionality within Haploview to identify tagging variants for these blocks. We conducted conditional analyses by adding each of the tagging variants sequentially to the model to identify independent LD blocks and a set of tagging variants that account for the entire GWAS signal at each locus. We conducted a motif disruption/creation analysis on the variants within the disease-associated blocks and selected the variants that are predicted to strongly disrupt or create binding sites of transcription factors that are expressed in myeloid cells (TPM≥1) 18 . We further overlapped the variants within the blocks with our active enhancer annotations in monocytes, macrophages and microglia. We then screened the remaining variants for eQTLs in monocytes and macrophages from the Cardiogenics and Fairfax studies. Once candidate causal variants were selected, we conducted conditional analyses to make sure that they do indeed tag the entirety of the GWAS signal in the locus.
Generation of hiPSC microglia for ATAC-Seq analysis
hiPSC-derived microglia were generated from patient lines following the protocol as described (Abud et al., 2017) . For the ATAC-Seq analysis, hiPSC-derived microglia (50K cells) from each patient line were collected and processed as described (Buenrostro, 2014) . Samples were either processed at New York Genome Center or at UCI's Genomics High-Throughput Facility and sequenced as 50 bp paired-end reads on a HiSeq 2500 and 100 bp paired-end reads on a HiSeq 4000, respectively. The consent for reprogramming patient somatic cells to hiPSC was carried out on protocol 2013-9561 (UCI), laboratory protocol 2017-1061 (UCI) and protocol ESCRO 19-04 (Mount Sinai).
Data availability
All sequencing files and processed peaks for hiPSC-derived microglia ATAC-Seq will be deposited to the Gene Expression Omnibus once the manuscript is accepted for publication. The following studies obtained from GEO were used for the analyses presented in this paper: GSE29611, GSE85245, GSE100380, GSE66594, GSE85245. DbGAP accession study number for the human microglia dataset is phs001373.v1.p1. The genotype and phenotype data from ADGC are available under phs000372.v1.p1 dbGAP study accession number.
Code availability
Although we have used the software cited in this manuscript with default parameters or minor changes, code for these analyses is available upon request. increased expression of the gene is predicted to increase risk for AD. Blue indicates that decreased expression of the gene is predicted to increase risk for AD. The TREM2 and ABCA7 loci are not shown since TREM2 and ABCA7 are well established AD risk genes in their respective loci due to well replicated associations of AD risk with rare loss-of-function mutations in these genes 5, 8, 77 . 3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22 Chromosome −log 10 (P)
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